In this paper we explore the income data in two surveys that underpin a South African tax-benefit microsimulation model. The simulated taxes and benefits using each dataset are compared with each other and with administrative data for a common time point. We explore discrepancies between the simulated and administrative data on personal income tax, with reference to the distribution of tax payers and the amount of tax simulated. Both surveys suffer from unit missing or item implausible cases for high income individuals. The paper concludes by highlighting the potential for administrative data to further enhance the quality of the model's underpinning dataset(s).
Introduction
This working paper provides an account of recent analysis to explore the impact of income data quality on simulations of taxes and benefits in South Africa.
The analysis is undertaken using a South African tax-benefit microsimulation model called 'SAMOD' which has been developed for use by government over the past decade (e.g. Wilkinson, 2009; Wright et al., 2016) . SAMOD represents the first attempt to use the EUROMOD microsimulation software (e.g. Sutherland, 2001; Sutherland and Figari, 2013; Tammik, 2018 ) 1 in a developing country, and the EUROMOD software is now widely used in other developing country contexts. 2
The quality of income data in any social survey that underpins a microsimulation model will inevitably impact on the simulated taxes and benefits in various ways (e.g. Ceriani et al., 2013) . Income data quality issues are also of much broader interest, however, as such data inform estimates of poverty and inequality, which then feed into policy debates around poverty and inequality reduction. A number of recent studies have explored in detail the quality of income data using South African survey or Census data. These include detailed fiscal analysis using the Income and Expenditure Survey (IES) 2010/11 (Inchauste et al., 2015) ; spatial analysis of small area level income data using the 2011 Census of Population (Noble et al., 2013) ; analysis of data on wealth using the National Income Dynamics Study (NIDS) (Orthofer, 2016) ; in-depth analysis of the income distribution also using NIDS (Hundenborn et al., 2017) and the Post-Apartheid Labour Market Series (PALMS) dataset (Bassier and Woolard, 2018; Wittenberg, 2017) . The latter four studies drew from administrative data on income tax to validate the income data in NIDS (Hundenborn et al., 2017; Orthofer, 2016) and PALMS (Bassier and Woolard, 2018; Wittenberg, 2017) respectively. There is a growing recognition of the importance of administrative data as a data resource on income, especially with reference to individuals working in the formal sector, and recently the National Treasury (NT) and the South African Revenue Service (SARS) have made anonymized personal income tax data available for research purposes (Arndt, 2018) .
This paper complements earlier studies by focusing in particular on the Living Conditions Survey (LCS) 2014/15, and has an applied focus on the impact of survey income data on simulated results for the tax-benefit microsimulation model SAMOD. In terms of the structure of the paper, Section 2 provides a brief account of the tax and benefit policies that are simulated within SAMOD Version 6.6, and the two datasets that underpin the current version of SAMOD: the LCS 2014/15 (Stats SA, 2017a) and NIDS Wave 4 Version 1.1 (SALDRU, 2014) . Section 3 compares the distribution of income data in the LCS and NIDS datasets, using two input ('pre-SAMOD') income concepts and simulated disposable income data. Section 4 presents SAMOD tax and benefit simulations for 2015 using the LCS and NIDS and compares these with published administrative data on benefits and taxes. Section 5 concludes with a discussion about ways in which the quality of the LCS income data could potentially be further enhanced using administrative data, informed by the issues identified here.
SAMOD's policies and underpinning datasets
SAMOD Version 6.6 contains systems for 2014 to 2018 3 inclusive, with policies for the taxes and benefits in June of each year. The analysis presented in this paper uses the 2015 system, to align as closely as possible with the LCS 2014/15. Table 1 summarizes the various policies that are included in the model for the 2015 system. The implementation of these policies in SAMOD is described in detail in Wright et al. (2016) and so is not repeated here, except in so far as the policies could be affected by the quality of the income data in the underpinning dataset(s) (on which see especially Section 4 and Annex 1).
SAMOD Version 6.6 is underpinned by two separate datasets: the LCS 2014/15 and NIDS Wave 4 Version 1.1, both summarized in Table 2 below. The primary dataset used in this paper is the LCS 2014/15 but the NIDS Wave 4 Version 1.1 dataset provides an almost contemporaneous comparator dataset. NIDS (Wave 4 Version 1.0) performed well as an underpinning dataset for SAMOD (Wright et al., 2016) 4 , and has been rigorously scrutinized with reference to external tax data (Hundenborn et al., 2017) and so is an optimal comparator dataset for the LCS 2014/15. 
Living Conditions Survey 2014/15
The LCS 2014/15 was undertaken by and obtained from Statistics South Africa (Stats SA). The survey was conducted between 13 October 2014 and 25 October 2015 using three data collection instruments, namely the household questionnaire, the weekly diary and the summary questionnaire.
Stats SA reports that it had adjusted the income data in two main ways (Stats SA, 2017a: 64): all income data were converted to an annual amount and benchmarked to April 2015 by inflating or deflating reported values using Consumer Price Index (CPI) data.
For the purposes of preparing the data for SAMOD, all monetary variables were inflated from April 2015 to June 2015 using the CPI. The final version of the LCS dataset as an input data file for SAMOD contains 23,380 households comprising 88,906 individuals.
A number of further imputations and assumptions were made in the construction of the input dataset for SAMOD Version 6.6 and these are outlined in the forthcoming Technical Note. The remainder of this section 2.1 sets out the initial steps that were undertaken to assess the quality of the income data in the LCS 2014/15. The income information in the LCS was assessed in various ways. First, a household income was derived by summing up the values reported for each COICOP code relating to income. There were 68 households (0.3 per cent of all households) without any income information at all. Of these households, 26 (38 per cent) were in Gauteng (the next highest is 9 households or 13 per cent in North West), and 91 per cent were black African. While these households could genuinely have no or very low income, their per capita monthly expenditure (using Stats SA's composite expenditure variable) ranged from R38 to R108,974 per capita per month (see below). This could indicate implausible values for one or other of the variables. However, if both are plausible, this may suggest that households are using savings or existing credit arrangements to fund expenditure. It should also be noted that most of the very low expenditures were in rural provinces where there are former homeland areas which suggests that a combination of subsistence farming and barter may be in use. When imputed rent was deducted from household income, there were 276 households (1.2 per cent) without any income information. These households were in all provinces but mainly Gauteng (23 per cent), Limpopo (16 per cent), Northern Cape (13 per cent) and Mpumalanga (11 per cent), and 86 per cent were black African. Imputed rent is not taxable in South Africa and so has not been included in taxable income.
In order to explore the extent of implausible income values, a scatter was produced of per capita monthly expenditure and income ( Figure 1 ). Employment income 6 is one of the main sources of household income, and so was explored in more detail at an individual level. There is a group of individuals who are in employment 7 but who report zero employment income for the year (less than 1 per cent of all cases, 1.3 per cent of the working age cases). There is nothing remarkable about their age, sex or population group, or province and settlement type. Of this group, half worked for a wage, 21 per cent ran a business, and 29 per cent had a job to return to. They mainly had income from letting of fixed property, 5 Note that they are coded 1 which is urban formal but labelled urban informal -we have assumed the former. 6 This includes COICOP codes 50110000 Household salaries and wages, 50120000 Household self-employment and business, and 50121000 Income from subsistence farming. 7 Employment is defined as working for a wage/salary/commission or any payment in kind for at least one hour in the last week, or running a business for at least one hour in the last week, or having a paid job or business to return to. On the other hand, there is a group of individuals who are not in employment but who report an employment income for the year (0.2 per cent of all cases). Some of these cases have very high employment incomes. Again, there is nothing remarkable about their age, sex or population group, or province and settlement type. Of this group, almost three quarters had salary income and the remainder had farming income. These could be people who were employed at some point over the year but not in the 7 days before the survey date, which would include seasonal workers.
The data do not allow an occupational status variable to be constructed. However, if employment income by highest level of education is explored, the following pictures emerge (Figures 2 and 3): Whilst there are both very high and very low incomes in the dataset, on the basis of analysis of the LCS alone, there is not any compelling evidence to suggest that the incomes are implausible. However, this is explored further in section 3 by comparing the distributions of different income concepts between the LCS and NIDS, and in section 4 with administrative data.
National Income Dynamics Study Wave 4 Version 1.1
NIDS is a national panel study carried out by the University of Cape Town (Chinhema et al., 2016) . Although it is designed as a panel study, a specific set of weights enable the dataset to be used as a cross-sectional, nationally representative dataset. Data from the fourth wave, specifically Wave 4 Version 1.1 (SALDRU, 2016), has been used as an underpinning dataset for SAMOD Version 6.6. All monetary variables were deflated from November 2014 to June 2014 using the CPI for use in SAMOD. The final dataset contains 9,626 households comprising 37,396 individuals. Adjustments made to the data are described in detail in Wright et al. (2016) . These relate to NIDS Wave 4 Version 1.0 but are still applicable to Version 1.1. In addition to the data adjustments described in Wright et al. (2016) , the private pension amounts of two individuals were re-categorized as lump sums as they were implausibly high for monthly amounts.
A comparison of SAMOD's income data using datasets derived from the LCS and NIDS
In this section, three different composite income variables are compared, with a common time point of June 2015: 'original income', income from paid employment, and simulated 'disposable income'. These were taken from the SAMOD Version 6.6 output datasets using both the LCS 8, 9 Original income (or 'market income' or 'ils_origy' in EUROMOD terminology) comprises gross income from employment, selfemployment income, agricultural income, income from private pensions, investment income, income from private transfers, and other monetary sources of income (excluding state transfers). Income from paid employment ('yem' in EUROMOD terminology) does not include income from self-employment. Disposable income ('ils_dispy' in EUROMOD terminology) is a measure of per capita disposable income after simulation of taxes and benefits.
In order to compare the income data in the LCS and NIDS, weighted per capita income deciles of each income concept were created.
The mean and median monthly incomes for each decile of original income are shown in Figure 4 below. As can be seen, the mean and median income for deciles 1-9 are almost identical across the two datasets. However, in decile 10, NIDS has higher mean and median incomes than the LCS. The same figure was produced but just for income from paid employment. Figure 5 shows deciles of income from paid employment, and the mean and median values for each decile. A very similar pattern emerges to Figure 4 above. 8 Monetary values in the NIDS dataset were uprated from June 2014 to June 2015 in SAMOD Version 6.6 using the CPI, except employment income and self-employment income which were uprated using change in average earnings. 9 SAMOD Version 6.6 is underpinned by EUROMOD executable version 2.1.5. Figure 6 shows how this pattern continues through to the simulated income data from the two datasets. The figure shows the mean and median per capita disposable income by disposable income decile. Again, the NIDS data yields much higher mean and median disposable incomes than the LCS in the top decile. (Lavrakas, 2008) . Such non-response can reduce statistical power and introduce bias into the survey estimates.
Stats SA (2017a) caution that the LCS 2014/15 had a lower response rate than previous household expenditure surveys, with an overall response rate of 84.9 percent. The design of the LCS weights includes a procedure for making household non-response adjustments to the base weights, but this process is 'based on the assumption that the respondent units represent both the respondent and non-respondent units' (Stats SA, 2017b: 14) . However, there was a particular problem of (unit) non-response in the relatively affluent province of Gauteng (a response rate of 65.3 per cent) (Stats SA, 2017b: 5), and it is likely that this will not be adequately corrected for by the household nonresponse adjustments. Indeed, Stats SA highlight the impact that non-response by affluent households will have on expenditure data:
The challenge of non-response was especially problematic in Gauteng. Given that Gauteng accounts for well over a third of all household expenditure in the country, lower responses, especially amongst high-income households in this province, means that we could see larger underreporting in various expenditure areas, most notably food, beverages and tobacco.
(Stats SA, 2017a: iii).
In the same vein, it is likely that the unit missing problem will manifest itself in the income data too, and that high-income households will not have been re-introduced to a sufficient degree by the non-response adjustments that were made.
With reference to NIDS, it is known that there is concern about attrition, particularly by wealthy individuals (Finn and Leibbrandt, 2016; Rasmussen, 2017) , and so both surveys will be prone to unit missing challenges.
Recent analysis by Hundenborn et al. (2017) has identified that NIDS income data compares well with a large anonymized sample of tax records, except for the highest income decile. On the basis of Hundenborn's finding and the analysis presented here which shows that the incomes of deciles 1-9 are very similar for both NIDS and the LCS (Figures 4-6 ), it can be hypothesized that-or those with taxable incomes-the unit missing problem mainly lies in the tenth decile for the LCS too, and possibly to an even greater extent than for NIDS.
In order to unpack these issues further, in the next section the simulated taxes and benefits using data derived using the LCS and NIDS are compared with external administrative data on tax revenue and benefits paid.
External validation of simulated benefits and taxes
This section presents simulated benefits and taxes that were produced using SAMOD Version 6.6 for a June 2015 timepoint using the input datasets derived from NIDS Wave 4 Version 1.1 and the LCS 2014/15 and compares them with published administrative data sources.
All but two of SAMOD's simulated policies could be affected by the quality of the income data in the underpinning dataset. The two exceptions are Value-added Tax (VAT) as this is implemented using household expenditure data rather than income data; and the Foster Child Grant as this is a social allowance and therefore has no means-test and so will be unaffected by the quality of the income data. For all other policies, the quality of the income data in SAMOD's underpinning dataset will affect the simulated results in various ways including the number of individuals identified within SAMOD as being eligible for certain benefits and eligible to pay Personal Income Tax (PIT); the simulated amount of government expenditure required to pay benefits to eligible individuals; and the size of the anticipated revenue to government in the form of PIT. Annex 1 provides further details about the survey income variables that are used in SAMOD's tax and benefit policies and how they could impact on the simulated results.
Regarding numbers of grant beneficiaries, Table 3 compares the number of reported beneficiaries in June 2015 (SASSA, 2015) with the simulated numbers of eligible beneficiaries for each grant using NIDS and the LCS. Taking the OAG as an example, SASSA report that there were 3.1 million recipients of the OAG in June 2015; using SAMOD it is estimated that there were 3.8 million eligible older people using NIDS, or 3.7 million eligible older people using the LCS. Wright et al. (2016) because the latter used NIDS Wave 4 version 1.0 and an earlier version of SAMOD, but the take-up rates are unaffected.
Source: Own calculations using SAMOD Version 6.6 and reported figures from SASSA (2015).
The reported figures from administrative data relate to actual payment of social grants and will be subject to errors of inclusion and errors of exclusion, whereas the simulated figures from the NIDS or LCS datasets are estimates of eligibility for the grant. However, this does enable estimates of take-up to be calculated. Using the OAG as an example again, the estimated take-up rates for OAG are 81 per cent using NIDS, and 84 per cent using the LCS. Overall, the simulated numbers of beneficiaries-and the estimated take-up rates-using NIDS and the LCS are similar for the main benefits (CSG, OAG and DG). Table 4 presents expenditure on social grants, comparing reported expenditure with simulated expenditure. Again, NIDS and the LCS produce similar results for the main benefits (CSG, OAG and DG). Regarding direct taxes, Table 5 provides information about the number of personal income tax payers in 2015. The NT estimate of registered tax payers (just over 7 million) is higher than two figures published by NT and SARS: 6.55 million individuals expected to submit returns (Row 2) and 5.37 million assessed individuals (Row 3). Regarding the simulated numbers of tax payers, NIDS yields 5.41 million tax payers, compared to a slightly higher 5.49 million using the LCS 2014/15. The simulated number of tax payers using NIDS and the LCS are therefore similar to each other and are both closest to NT and SARS 'assessed individuals' figure of 5.37 million tax payers, with NIDS simulating 101 per cent, and LCS simulating 102 per cent of this NT and SARS figure.
The interpretation of Table 5 is not straightforward as the simulated figures do not precisely correspond to concepts used in the published administrative data. Importantly, the simulated number of tax payers in SAMOD reflects the tax liability for the year, given the incomes of individuals for that year. In accountancy terms, this is referred to as an 'accrual' basis. 10 In contrast, the administrative data is published on a 'cash-flow' (or in this instance 'taxpayer-flow') basis and so none of the reported figures precisely correspond to what is simulated by SAMOD. The NT and SARS 'expected to submit' figure (6.55 million) comprises all tax payers who have been assessed for the tax year, plus taxpayers with an 'active' status who were assessed in any of the two previous years (NT and SARS, 2017). The NT and SARS 'assessed individuals' figure (5.37 million) comprises only those tax payers whose tax submission has been assessed, a figure which changes in later years as more outstanding returns are submitted and processed (NT and SARS, 2017) . Furthermore, both of the NT and SARS figures exclude certain tax payers who were employed by a single employer for the year of assessment and paid tax through PAYE and have a gross employment income/salary below R350,000 (the submission taxable income threshold). 11 Thus there is a sizeable group of tax payers that is missing from the NT and SARS figures. Assessed individuals may include those paying arrears of taxes and fines or those receiving refunds of tax from previous years, and will not include those with tax liabilities for the current year which are not due until subsequent years. 10 The concepts of accrual and cash flow reporting are explained in more detail in the forthcoming Technical Note.
11 Such individuals should also not have a car allowance/company car/travel allowance or other income (e.g. interest or rental income) and should not be claiming tax related deductions/rebates (e.g. medical expenses, retirement annuity contributions other than pension contributions made by the employer, travel).
The NT estimate of registered tax payers (7.02 million) is closer to the SAMOD simulations in definitional terms, though the figure may well include individuals on the register 12 but not active for a particular tax year. Regarding tax revenue, the same definitional challenges exist when making comparisons with published figures. So, for example, the NT and SARS figure will include PIT from those PAYE cases with taxable income over R350,000 or from those whose tax submission has been assessed. It will not include tax collected through PAYE unless the individual is required to submit a tax return. For any particular year, the NT and SARS figure increases and is updated retrospectively as more outstanding returns are submitted and processed. The NT figure is the reported receipts for the tax year in question and so will include all PAYE cases. However, it will also include, for example, arrears from previous years.
In addition to differences between the two figures from administrative sources, the NIDS and LCS simulated figures diverge. Using NIDS, R229 billion of PIT is simulated, compared to R187 billion using the LCS (Table 6 ). The amount of PIT simulated using NIDS is 59 per cent of the NT figure and 79 per cent of the SARS figure, compared to just 48 per cent or 65 per cent respectively using the LCS. In order to explore these findings about PIT in more detail, comparisons were made with published information on 'taxable income group' 13 with respect to estimates of the number of taxpayers and the amount of income tax payable for the 2015/16 tax year (NT, 2015: 48) . It was possible to produce a set of taxable income groups in both the LCS and NIDS output datasets using the simulated variable ttb_s (taxable income). 14 Figure 7 : A comparison of the amount of PIT paid by taxable income group using NT administrative data and NIDS and LCS data, 2015/16
Note: NT data is derived from administrative sources and is an estimate of the amount of PIT. NIDS and LCS data are derived from SAMOD simulations. The taxable income groups presented are those used by NT for reporting purposes. Source: NT: NT (2015) . LCS and NIDS: Own calculations using SAMOD V6.6.
13 'Taxable income group' is a categorization that is used by both NT and SARS for reporting purposes, though the groups they use vary. These taxable income groups do not correspond to the tax bands used for calculating PIT. 14 To which monthly lump sum income was added. Figure 7 shows the amount of tax paid by taxable income group, comparing reported amounts from NT (in red) 15 with simulated amounts using SAMOD (the variable tin_s) and based on NIDS (in green) and the LCS (in yellow) and assuming full compliance. Comparing the LCS and NIDS first, the simulated amounts are very similar, particularly for the lower taxable income groups. The largest differences between the LCS and NIDS simulated amounts occur in the R750,001-R1,000,000 and R1,500,000+ groups where NIDS simulates a higher amount of tax. Comparing the LCS and NIDS simulated amounts with the NT reported amounts, it is evident that the LCS simulates too little tax for all taxable income groups, though the difference between the LCS simulations and reported amounts is negligible for the lowest two groups (R70,001-R150,000 and R150,001-R250,000). The same is broadly true for NIDS, the exception being the third highest group (R750,001-R1,000,000) where a higher amount of tax is simulated using NIDS than is reported by the NT. The largest discrepancy between the NIDS and LCS simulated amounts and the NT reported amounts is for the final group (R1,500,000+) where the NIDS and LCS amounts are much lower than the NT amounts.
The findings for the highest taxable income group can be interpreted in a number of ways: both surveys might have insufficient numbers of wealthy individuals in their enumerated samples (this would be categorized as a unit missing problem, for individuals with high taxable incomes); alternatively, wealthy individuals in the surveys could be under-reporting their taxable income in the surveys (this would be categorized as an item missing or item implausible data problem, for individuals with high taxable incomes); or both situations could be occurring in combination.
Regarding the third highest group, the higher NIDS figure could simply be a function of a few individuals in this taxable income group in NIDS having weights that are too large, or could signal under-reporting of income by NIDS respondents who ought to be in the highest taxable income group. Figure 8 shows the number of tax payers reported by NT (in red) and simulated using SAMOD and NIDS (in green) and the LCS (in yellow). From Figure 8 it can be observed that in general SAMOD simulates fewer tax payers than NT in all taxable income groups, whether using NIDS or the LCS. The extent of the discrepancy is fairly small in the second taxable income group (R150,001-R250,000), particularly with regard to the LCS simulations which yield a very similar figure to the NT estimate. In the third highest group (R750,001-R1,000,000), NIDS has a slightly higher number of tax payers than reported by NT which in turn is higher than the LCS estimate. Figure 9 shows the number of tax payers in the highest three taxable income groups which, due to small numbers, cannot be seen clearly on Figure 8 . This highlights the mismatch between the administrative data and SAMOD simulations for all three groups, with the LCS and NIDS simulating less than half of the NT estimates in each group. The exception is the NIDS simulated figure for the third highest group discussed above. Figure 9 also reveals a discrepancy between NIDS and the LCS in the highest band, with the LCS simulating approximately half of the tax payers that are simulated using NIDS. What can be deduced from these findings? If it is assumed that there is full compliance, that is assuming that the administrative data correctly reflects the number of tax payers for each taxable income group, then it would seem that the two surveys fail to capture individuals in all taxable income groups. The absence in the surveys of a relatively small number of individuals with high taxable incomes (unit missing) or under-disclosure of their incomes in surveys (item missing/implausible) will have-and evidently does have-a large impact on the total amount of PIT simulated using these surveys, as demonstrated in Figure 7 . However, the impact on the tax take of an absent or under-reporting lower income individual is not as great, as evidenced above, where the number of taxpayers in the lower taxable income groups simulated by the LCS and NIDS is lower than reported by NT (Figure 8 ), yet the amount of tax paid by these groups is only marginally less in the SAMOD simulations compared to the NT reported amount (Figure 7) .
Concluding remarks
This paper presents analysis to explore the quality of the income data in the LCS 2014/15. Section 2 provided an account of various internal tests that were conducted on the income data. Section 3 compared the distribution of different income concepts for the LCS and an almost contemporaneous NIDS dataset. The analysis presented in Section 3 demonstrates that a divergence occurs at the top income decile between the NIDS and LCS datasets. This divergence occurs in the cleaned and prepared market income variable and employment income variable for SAMOD (Figures 4 and 5) and is carried through to the simulated income data on disposable income ( Figure 6 ). In Section 4, SAMOD's simulated taxes and benefits were compared using LCS and NIDS data, and it was demonstrated that the number of grant beneficiaries is broadly similar across the two surveys, particularly for the main grants (CSG, OAG and DG). Regarding direct taxes, the number of tax payers identified in SAMOD is also similar using LCS and NIDS data (Table 5) , and corresponds very closely to the NT and SARS figure of assessed individuals. However, there are important definitional differences between SAMOD simulations and the NT and SARS figure and so this observation should be treated with caution-other comparators from administrative data correspond less well with the SAMOD simulations. The main divergence occurs in the simulation of PIT, with SAMOD simulating less PIT with the LCS dataset than with NIDS, and both surveys simulating less PIT than reported figures from NT, and NT and SARS (Table 6 ). In order to explore why this divergence might be occurring, comparisons were made between SAMOD's simulated figures using LCS and NIDS, and published data for number of tax payers and taxable income by taxable income group (a categorization used for reporting purposes rather than the income tax brackets used in the calculation of PIT).
The taxable income group analysis can be interpreted in a number of ways (Figures 7 and 8) . In terms of simulated taxes, it is most likely that the analysis demonstrates that both surveys suffer from unit missing data for high income individuals (R1 million and over): SAMOD simulates far fewer tax payers in the highest taxable income group, whether using the LCS or NIDS, than reported by NT (though there are definitional differences). Regarding the lowest taxable income groups, although SAMOD simulates fewer tax payers in these groups, whether using the LCS or NIDS, this does not result in a large discrepancy in taxes paid between the SAMOD simulations and NT reported amounts as they are low-income individuals paying small amounts of tax.
There are many ways in which this analysis could be developed further to enhance the quality of the income data in the LCS. Given the better performance of NIDS with regard to simulating PIT revenue with SAMOD, one option might have been to adjust incomes upwards in the LCS to correspond to NIDS. However, this does not seem worthwhile, even if restricted to the top decile, as both NIDS and the LCS fall short of the administrative data on PIT and almost certainly both suffer from the challenge of unit missing data for high income individuals. Regarding NIDS, Rasmussen has commented: 'Given the small numbers of high income earners in the dataset and that NIDS is a longitudinal survey (in which one may expect high income households to either be under sampled or have higher rates of attrition), it is important to view the results based on the top end of the income distribution with a degree of scepticism. These earners would perhaps be better captured by tax data.' (Rasmussen, 2017: 4) Rasmussen's point that high earners in NIDS could be better captured by tax data is well taken and also applies, perhaps more so, to the LCS.
There are two main ways in which administrative tax records could be used to improve the quality of income data in social surveys. The first way is by using aggregate tax data on numbers of taxpayers and the amount of taxes they pay. Such aggregate data (used to some extent in this paper) could help to determine whether and to what extent there is a unit missing problem. It could then be used to assist in the re-weighting of cases to address this issue. A further refinement would be to obtain administrative data by sub-group (e.g. residence of taxpayer, gender of taxpayer and type of employment) would allow a more accurate diagnosis of the extent of unit missing information within the survey as well as a more sophisticated re-weighting approach.
The second way in which tax data could be useful is by some form of data linkage. Information from administrative tax records could be linked to specific cases and thus could enable issues of item missing or item implausible to be identified and addressed. There are various data matching techniques that could be explored including case-by-case matching in a secure setting, hierarchical matching, and probabilistic matching methods such as propensity score matching (see for example Jenkins et al., 2007; Harron, 2016) . Direct matching would reveal the extent to which item implausible or item missing cases were present and would enable corrections to be made. This paper has highlighted the definitional challenges of comparing like with like when using aggregate tax records. As noted, tax information is often presented in published data on a cash flow basis rather than an accrual basis, whereas SAMOD's estimates are accrual-based. In order to use tax records to greater effect it will be important to try to obtain accrual-based figures from administrative sources that cover the same period as the modelled estimates. The NT, and NT and SARS figures presented both had shortcomings in terms of the specific groups they captured and the means by which the figures were derived. The ideal administrative data would be based on outcomes rather than estimates, and for all taxpayers rather than, for example, only those with income above the submission threshold.
Annex 1
Use of self-reported income data in SAMOD's input datasets SAMOD Version 6.6 is underpinned by the LCS 2014/15 (Stats SA, 2017a) and NIDS Wave 4 Version 1.1 (SALDRU, 2014) . The quality of the income data in these surveys will have a direct impact on most of the simulated taxes and benefits in SAMOD. This Annex provides more detail about the self-reported income variables that are used in the simulation of South Africa's tax and benefit system using SAMOD. The incomes that are taken into account for means-tested benefits are in fact made up of various components, most of which are obtained from the self-reported survey data. Table A1 lists the various income and expenditure categories that are taken into account in the means-tests, and provides the variable name as used in SAMOD, as well as specifying whether the variables are obtained from the survey data ('Survey') or generated on-model ('SAMOD'). The composite income list comprising means-testable income (ils_social_grants) is calculated for the purposes of the means-tested benefits as follows:
Ils_social_grants=yem+yse+ypr+ypp+ycm+yiyit-xishl-xpp-tin_s-tscee_s
Regarding the Unemployment Insurance Fund (UIF), employer and employee contributions are each simulated in SAMOD at the rate of 1 per cent of gross salary up to a threshold salary of R14,872 per month. Thus, if employment income is under-reported, SAMOD will under-estimate the amount of UIF payable by employees and employers; and if employment income is erroneously over-reported this would result in over-estimates of UIF revenue.
The impact of missing or erroneous income data on the Personal Income Tax (PIT) is more complex to elucidate, but broadly speaking over-reported income would cause SAMOD to simulate too much PIT, and missing or under-reported income data would cause SAMOD to simulate too little PIT.
SAMOD uses self-reported survey data for various income types as part of the PIT policy. In order to better appreciate the potential impact on simulations of PIT of survey income data, Table  A2 below summarizes the different income or expenditure-related variables that are used in the PIT policy in SAMOD, and specifies whether they are derived from the survey data using selfreported information ('Survey'), or are generated on-model ('SAMOD'). The PIT calculation in SAMOD can be summarized as follows:
Income tax payable = Tax payable on (general taxable income + income from interest payments -tax deductions for pension contributions) + Tax payable on lump sums -Tax rebate -Medical tax credits
Using the nomenclature of the SAMOD variables, the amount of PIT payable, tin_s, can therefore be summarized as follows:
tin_s = Tax payable on (il_taxabley 16 + ttaiy_s -ttapn_s) 17 + tinkt_s -tinta_s -tintchl_s
The composite variable tinkt_s is the sum of tax on retirement related lump sums (ttaoy_s) and employment related lump sums (ttasv_s). Taking into account variants to the rules for those aged less than 55, these taxes are simulated on-model within SAMOD for reported lump sums in excess of the threshold of R500,000 per year. The excess lump sum amounts are taxed at 18 per cent for amounts less than or equal to R200,000 per year; 27 per cent for amounts of R200,001 to R550,000 per year; and 36 per cent for amounts of R550,001 and over per year.
The general tax rebate (tinta_s) is simulated on-model within SAMOD for 2015 at R13,257 per year, with an additional rebate of R7,407 for those aged 65 and over, and a further R2,466 for those aged 75 and above. These tax rebates are deductions from tax calculated rather than tax free thresholds.
The medical tax credits (tintchl_s) are simulated on-model, and comprise two elements: the medical scheme fees tax credit which is calculated for the medical scheme contributor (R270 per month), their first dependant (R270 per month), and any additional dependants (R181 per month each); and the excess medical scheme fees tax credit relating to additional fees paid, taking into account the variants to the rules for those who were aged 65 or over, and/or had a spouse or child with a disability. Again, the total amount of medical tax credit is deducted from the amount of tax payable.
The final amount of tax payable (tin_s) is calculated in SAMOD for June 2015 at 18 per cent for the first R181,900 per year; 26 per cent for R181,901 to R284,100; 31 per cent for R284,101 to R393,200; 36 per cent for R393,201 to R550,100; 39 per cent for R550,101 to R701,300; and 41 per cent for amounts above R701,300.
In summary, the means-tested benefit policies will be affected by the quality of six income variables and two expenditure variables in the survey data; and the PIT policy will be affected by the quality of eight income variables and four expenditure variables.
Lastly, the quality of any of these variables will impact in different ways on different parts of the income distribution. For example, using the same LCS 2014/15 dataset, Statistics South Africa report that income from work (yem and yse in SAMOD terminology) accounts for just 14 per cent of annual household income in the lowest income per capita decile, and more than 70 per cent of annual household income in deciles 6-10 (Stats SA, 2017: 218). 16 Il_taxabley is an income list which draws together several different types of reported income or expenditure that are listed in Table A2 . Il_taxabley is calculated as the sum of yem, yse, ypr, ypp, yot and xishler, minus tscee_s. 17 In combination this equals the composite variable ttb_s.
